Hydrological extremes are closely related to extreme hydrological events, which have been and continue to be one of the most important natural hazards causing great damage to lives and properties. As two of the main factors affecting the hydrological cycle, land-use change and climate change have attracted the attention of many researchers in recent years. However, there are few studies that comprehensively consider the impacts of land-use change and climate change on hydrological extremes, and few researchers have made a quantitative distinction between them. Regarding this problem, this study aims to quantitatively distinguish the effects of land-use change and climate change on hydrological extremes during the past half century using the method of scenarios simulation with the soil and water assessment tool (SWAT). Furthermore, the variations of hydrological extremes are forecast under future scenarios by incorporating the downscaled climate simulations from several representative general circulation models (GCMs). Results show that:
Introduction
In recent years, hydrological responses in a changing environment have become a research hotspot [1] [2] [3] . As the major factors affecting hydrological processes, land-use change and climate change have been given much attention [4] [5] [6] [7] . Meanwhile, increasingly frequent extreme hydrological events have become an important area of research due to their strong destructive power [8] [9] [10] .
Many scholars have studied hydro-meteorological extremes and a series of important conclusions have been drawn as follows. The hydrological cycle is expected to be intensified in the context of The Jinsha River Basin is characterized by the extremely complicated topography, with the elevation differences over 6000 m, making it extraordinarily rich in hydropower resources. The annual average precipitation, discharge and temperature in the Jinsha River Basin were respectively 614 mm, 310.7 mm and 5. 8 °C during 1960-2016 . Affected by a monsoon climate, the temporal and spatial distribution of the hydro-meteorological elements over the basin varies significantly. As the altitude gradually decreases from the upstream to downstream, the temperature rises remarkably, and the climatic condition slowly changes from dry to wet. On the temporal scale, more than 70% of the precipitation is concentrated in the flood season (June to September). The precipitation and glacial snowmelt are both the main sources of runoff in the basin, and therefore the hydrological processes are sensitive to climate change. In this study, the land use in the Jinsha River Basin is divided into seven categories: grassland, forest land, bare land, farmland, wetland, water body and building land, among which the dominant land-use types are grassland and forest land, accounting for more than 80% of the whole basin area. Figure 2 The Jinsha River Basin is characterized by the extremely complicated topography, with the elevation differences over 6000 m, making it extraordinarily rich in hydropower resources. The annual average precipitation, discharge and temperature in the Jinsha River Basin were respectively 614 mm, 310.7 mm and 5.8 • C during 1960-2016. Affected by a monsoon climate, the temporal and spatial distribution of the hydro-meteorological elements over the basin varies significantly. As the altitude gradually decreases from the upstream to downstream, the temperature rises remarkably, and the climatic condition slowly changes from dry to wet. On the temporal scale, more than 70% of the precipitation is concentrated in the flood season (June to September). The precipitation and glacial snowmelt are both the main sources of runoff in the basin, and therefore the hydrological processes are sensitive to climate change.
In this study, the land use in the Jinsha River Basin is divided into seven categories: grassland, forest land, bare land, farmland, wetland, water body and building land, among which the dominant land-use types are grassland and forest land, accounting for more than 80% of the whole basin area. Figure 2 displays the land-use distribution in 1980. 
Materials
A wide variety of data are used in this study. Table 1 provides a detailed description of various types of data, including the periods, spatial and temporal resolutions and the sources. Among them the digital elevation model (DEM) data, land use data, land soil data, meteorological data and runoff data are used for SWAT model construction and analysis of hydro-meteorological elements. Additionally, two characteristic databases of the study area are built: land soil database and meteorological database. The former is obtained from the raster map of land soil in the study area combined with the characteristic soil parameters provided by the Harmonized World Soil Database (HWSD), and the latter is acquired from the historical measurement of meteorological stations.
As for the GCM data, it is mainly used to predict future climate conditions and then to drive the hydrological model to generate future runoff processes. In this study, only the precipitation and temperature from GCMs are adopted, for the reason that they are the most important climatic factors affecting hydrological processes. Eventually, the tool of Weather Generator incorporated in the SWAT model is adopted to simulate the other climate factors (relative humidity, solar radiation, and wind speed) based on the regional meteorological database. 
Methodology

Hydrological Modeling
SWAT is a physically based distributed hydrological model developed by the Agricultural Research Service of the United States Department of Agriculture (USDA-ARS) in the early 1990s. SWAT is able to simulate and predict the long-term hydrological cycle under different land use, soil types and management practices over large scale complex watersheds [48] [49] [50] [51] [52] . In SWAT, sub-basins are firstly divided based on the DEM, and are then further subdivided into a series of hydrological response units (HRUs) according to the topography, land use and soil types of the study area. The HRUs are the minimum calculation units, where the hydrological components including evapotranspiration (ET), interception, percolation, surface runoff and groundwater flow are calculated separately based on the water balance equation. Then the basin runoff is obtained through the overland flow and the river network confluence [53] .
In this research, the SWAT model is used for daily runoff simulation in the Jinsha River Basin, and in total 33 sub-basins and 553 HRUs for the land use in 1980 were divided. The Penman-Monteith formula [54, 55] , the Soil Conservation Service (SCS) curve number method [56] and the Muskingum method [57] are separately employed to estimate the potential evapotranspiration (PET), the surface runoff and the routing of river network. In order to improve the performance of SWAT model simulation, the Sequential Uncertainty Fitting version 2 (SUFI2) algorithm [48] which is incorporated into the SWAT Calibration and Uncertainty Programs (SWAT-CUP) is adopted for parameter optimization. The calibration and verification periods are respectively set to be 1970-1990 and 1991-2008 , with the Nash-Sutcliff coefficient (NS) and the percent bias (PBIAS) both used as indicators for assessment of simulation effects.
Trend Detection of Hydro-Meteorological Series
The Mann-Kendall (M-K) method, which is originally proposed by Mann and Kendall [58, 59] , is a nonparametric statistical method recommended by the World Meteorological Organization (WMO) and has been widely used in practice to evaluate the significance of monotonic trends in hydro-meteorological time series [60] . It possesses the advantages of not requiring the sample to follow a certain distribution, not being interfered by a few abnormal values, and simple calculation. For this reason, it is employed for trend analysis of hydro-meteorological series in this research, and the 95% confidence level is adopted with the threshold of standard normal statistics Z MK equal to ±1.96.
It is well-known that the Mann-Kendall test relies purely on statistical results, which might not make sense all the time. To address this problem and reinforce the findings, the cumulative sum of rank difference (CSD) test method, which was recently proposed by Onyutha [61] [62] [63] [64] , is also employed for the trend analysis of hydro-meteorological series in this research. The advantage of the CSD method over the other tests such as the Mann-Kendall test is that it takes into account the graphical diagnoses and statistical analyses of the data series comprehensively. In the CSD test, Z CSD denotes the standardized trend statistic, and a positive/negative value of Z CSD indicates an upward/downward linear trend. Given a significance level of αs%, the null hypothesis H 0 (no trend) is rejected if |Z CSD | ≥ |Z αs/2 |. In this research the 95% confidence level is adopted with the threshold of standard trend statistic Z CSD equal to ±1.96.
Indicators of Hydrologic Alteration
Developed by the US Nature Conservancy (TNC), the indicators of hydrologic alteration (IHA) approach [65] [66] [67] is a practical tool for calculating the characteristics of natural and altered hydrological regimes [68] . It compares hydrological data sets by calculating multi-variate statistics to assess the degree of hydrological alteration [69] . A total of 67 statistical parameters closely related to river ecosystems are calculated in the IHA approach, which are divided into two groups: 33 IHA parameters and 34 environmental flow component (EFC) parameters. In recent years, it has been widely used to evaluate the degree of hydrological alteration under the impacts of climate change and anthropogenic activities such as water conservancy projects and land use change [70] [71] [72] .
In this research, several IHA parameters and EFC parameters associated with extreme hydrology are employed. Based on the daily hydrological series, the annual values of extreme hydrologic indicators are calculated using IHA tool for subsequent analysis. The water year starts on 1 January and ends on 31 December. The parametric statistics are adopted with the high and low pulse thresholds defined as the mean plus or minus 1 standard deviation, and a day is classified as a high/low pulse if it is greater/lower than these thresholds. All flows that exceed 75% of daily flows for the period are classified as initial high flows, and all flows below this level are classified as initial low flows. A flood event is defined as an initial high flow with a flow peak greater than two-year return interval event, and an initial low flow below 10% of daily flow are classified as an extreme low flow event.
Separating the Impacts of Climate Change and Land-Use Change
In order to distinguish the impacts of climate change and land-use change on hydrological extremes quantitatively, the historical measured land use and climate data are respectively subdivided into four periods, which are mutually combined to formulate 16 scenarios (Tables 2 and 3 ). By means of SWAT model, the runoff series for each scenario are obtained and the corresponding extreme hydrological indicators are derived. Two relative action factors are recommended in this study to quantitatively separate the impacts of climate change and land-use change on hydrological extremes. They are P LU and P CC , which are calculated as follows:
where ∆X is the increase in hydrological extremes under the combined effects of the two factors, while ∆X LU and ∆X CC represent the increase due to land-use change and climate change respectively. In order to make the two factors added up to be 100 percent, a redistribution between P LU and P CC is performed:
where P LU and P CC are respectively defined as the attribution proportions of land-use change and climate change which lead to the variations in extreme hydrological indexes. 
Downscaled CMIP5 (Coupled Model Inter-Comparison Project Phase 5) Simulations
By means of a statistical downscaling method named DBC and a distributed hydrological model called SWAT, this study targets at evaluating the evolution trends of hydrological extremes in the near future (2021-2050) using CMIP5 (Coupled Model Inter-comparison Project Phase 5) ensemble simulations (Historical + RCP4.5/RCP8.5). Originally proposed by Jie Chen et al. [73, 74] , the DBC method assumes same deviations in each quantile between future and historical climate. It combines the local intensity scaling (LOCI) method and daily translation (DT) method to take into account the precipitation occurrence and the frequency distributions of precipitation amounts and temperatures. In this study, the historical observed precipitation and min and max temperature in 1960-2005 are used for bias correction.
Results and Discussion
Trend Analysis of Historical Data
Hydro-Meteorological Data
The annual maximum 1-day precipitation and the Z values from M-K as well as CSD trend test for each rainfall station is calculated and interpolated using the inverse distance weighting (IDW) method to obtain the spatial distribution ( Figure 3 ). The IDW method is one of the most commonly used techniques for the interpolation of scatter points, which is based on the concept of distance weighting. It is simple to use and clear in physical meaning [75, 76] . It can be seen from Figure 3a that the maximum 1-day precipitation increases gradually from upstream to downstream. In the upper reaches of the Jinsha and Yalong River, the values are generally smaller (20-40 mm), and they are highest at the confluence of the two rivers, which is approximately 80 mm. During the past 58 years, similar trends have been detected using the two test methods, except that the absolute values of Z from M-K test are generally greater than that of CSD test, as shown in Figure 3b ,c. The two tests yield the same conclusion that the annual maximum 1-day precipitation is generally dominated by increasing trends in the basin (Z > 0 for most regions). Besides, under a 95% confidence level none of the rainfall stations reaches a significant level for the CSD test, while significant upward trends (Z > 1.96) are detected in the southeastern part of the basin for the M-K test. Overall, the Z values in the southeastern part of the basin are obviously higher for both test methods, indicating rising risks of extreme precipitation in the lower reaches of the Jinsha River Basin. increasing trends in the basin (Z > 0 for most regions). Besides, under a 95% confidence level none of the rainfall stations reaches a significant level for the CSD test, while significant upward trends (Z > 1.96) are detected in the southeastern part of the basin for the M-K test. Overall, the Z values in the southeastern part of the basin are obviously higher for both test methods, indicating rising risks of extreme precipitation in the lower reaches of the Jinsha River Basin. For each rainfall station, the 99% quantile of daily precipitation is selected as the threshold of extreme precipitation, and the extreme precipitation frequency is defined as the days exceeding this threshold in a year. The spatial distribution of extreme precipitation thresholds are displayed in Figure 4a . In the southeastern region the thresholds are about 30-45 mm, which is significantly higher than the northwestern (about 15 mm) and central (about 20 mm) parts. It shows that the extreme precipitation intensity gradually increases from upstream to downstream in the basin, which is consistent with Figure 3a . Meanwhile, extreme precipitation frequency was counted at each rainfall station from 1960 to 2017, and two trend tests (M-K and CSD) were conducted. The spatial distributions of Z values from the two tests are obtained through interpolation using the IDW method, shown in Figure 4b ,c. Results show that the extreme precipitation frequency in the Jinsha For each rainfall station, the 99% quantile of daily precipitation is selected as the threshold of extreme precipitation, and the extreme precipitation frequency is defined as the days exceeding this threshold in a year. The spatial distribution of extreme precipitation thresholds are displayed in Figure 4a . In the southeastern region the thresholds are about 30-45 mm, which is significantly higher than the northwestern (about 15 mm) and central (about 20 mm) parts. It shows that the extreme precipitation intensity gradually increases from upstream to downstream in the basin, which is consistent with Figure 3a . Meanwhile, extreme precipitation frequency was counted at each rainfall station from 1960 to 2017, and two trend tests (M-K and CSD) were conducted. The spatial distributions of Z values from the two tests are obtained through interpolation using the IDW method, shown in Figure 4b ,c. Results show that the extreme precipitation frequency in the Jinsha River Basin has been Water 2019, 11, 1398 9 of 25 dominated by increasing trends during the past 58 years (Z > 0 for most stations, of which four stations reaches a significant level for M-K test). In the southeastern and northwestern parts of the basin, increasing frequency of extreme precipitation is detected for both M-K and CSD tests. River Basin has been dominated by increasing trends during the past 58 years (Z > 0 for most stations, of which four stations reaches a significant level for M-K test). In the southeastern and northwestern parts of the basin, increasing frequency of extreme precipitation is detected for both M-K and CSD tests. By means of Thiessen Polygon method, the annual averaged max, min and average temperature are respectively calculated to be 13.6 °C, −0.1 °C and 5.9 °C in the Jinsha River Basin during 1960-2017. The special topography and climate condition in the basin have created the significant spatial differences in temperature ( Figure 5a ). The average temperature is below 0 °C in the northwestern part of the basin, while in some southern parts it is higher than 15 °C. From Figure  5b it can be found that all the max, min and average temperature have increased significantly during the past 58 years (Z > 1.96 for both M-K and CSD tests). Meanwhile, the rising trend of min temperature is more significant than that of max temperature (Z values for T_min is larger than that of T_max). By means of Thiessen Polygon method, the annual averaged max, min and average temperature are respectively calculated to be 13.6 • C, −0.1 • C and 5.9 • C in the Jinsha River Basin during 1960-2017. The special topography and climate condition in the basin have created the significant spatial differences in temperature ( Figure 5a ). The average temperature is below 0 • C in the northwestern part of the basin, while in some southern parts it is higher than 15 • C. From Figure 5b it can be found that all the max, min and average temperature have increased significantly during the past 58 years (Z > 1.96 for both M-K and CSD tests). Meanwhile, the rising trend of min temperature is more significant than that of max temperature (Z values for T_min is larger than that of T_max).
In order to characterize the spatial-temporal variations of runoff extremes in the Jinsha River Basin, the daily runoff data for the period 1960-2017 from nine hydrological stations, which are uniformly distributed in the basin is adopted. Four indicators are selected to characterize the runoff extremes, including annual maximum and minimum runoff (Max_R, Min_R), flood and dry days (DH, DK). The thresholds of DH and DK are respectively determined by the 95% and 5% quantiles of the daily runoff series. In order to characterize the spatial-temporal variations of runoff extremes in the Jinsha River Basin, the daily runoff data for the period 1960-2017 from nine hydrological stations, which are uniformly distributed in the basin is adopted. Four indicators are selected to characterize the runoff extremes, including annual maximum and minimum runoff (Max_R, Min_R), flood and dry days (DH, DK). The thresholds of DH and DK are respectively determined by the 95% and 5% quantiles of the daily runoff series.
It should be pointed out that plenty of factors, such as limited sources, data missing and water conservancy projects, have resulted in the incompleteness of runoff observation in most hydrological stations, which brought challenges to trend analysis of extreme hydrological indicators during the historical period. To make the best use of existing materials and ensure statistical accuracy, the method of linear interpolation between adjacent measured data is employed for runoff series with no more than 10 days of continuous missing values. Years with more missing data are excluded from statistics. Thus the annual series of extreme hydrological indexes with high reliability in 1960-2017 are obtained. Finally, in order to eliminate the interference of a few outliers and highlight the inter-annual trend of the indicators, the moving average for a 5-years' step is performed for each index. Detailed information of the runoff observation is listed in Table 4 . Table 4 . Detailed descriptions of runoff data at 9 hydrological stations in the Jinsha River Basin.
Location Hydrological Stations Notes
Upstream It should be pointed out that plenty of factors, such as limited sources, data missing and water conservancy projects, have resulted in the incompleteness of runoff observation in most hydrological stations, which brought challenges to trend analysis of extreme hydrological indicators during the historical period. To make the best use of existing materials and ensure statistical accuracy, the method of linear interpolation between adjacent measured data is employed for runoff series with no more than 10 days of continuous missing values. Years with more missing data are excluded from statistics. Thus the annual series of extreme hydrological indexes with high reliability in 1960-2017 are obtained. Finally, in order to eliminate the interference of a few outliers and highlight the inter-annual trend of the indicators, the moving average for a 5-years' step is performed for each index. Detailed information of the runoff observation is listed in Table 4 . Figure 6 displays the temporal variations of extreme runoff indicators in the Jinsha River Basin during the period of 1960-2017, with Z values from M-K test (Z MK ) and CSD test (Z CSD ) labelled. Results indicated that, (1) the two trend test methods are very consistent in the evaluation of changing directions of data series. However, the CSD test is more rigorous in assessing significance than the M-K test under the same confidence level, which is reflected by the fact that the M-K test will always reach a significant level (|Z| > 1.96) as long as the CSD test does. The main reason for this realization is that when series are characterized by persistent fluctuations, the differences among trend detection methods become large [63] . Therefore, there is a need to consider a number of tests for trend analyses (as done in this study) to reduce the uncertainty of the results due to selection of a particular method.
(2) Focusing on the indicator of flood days (DH), it can be found that all hydrological stations show increasing trends, except for Yajiang and Pingshan stations. The DH values at Luning, Xiaodeshi, Panzhihua, Huatan and Pingshan stations have decreased significantly since the 21st century. This may be explained by the reservoir regulations, which exert a peak-clipping effect on river runoff. In summary, regardless of water conservancy projects, the DH values have generally increased in the basin, indicating rising risk of floods over the past 58 years. This result is consistent with the analysis of extreme precipitation. (3) Seven hydrological stations show decreasing trends (Z < 0) for the indicator of dry days (DK), and respectively three and one of them reach significant level (Z < −1.96) for M-K and CSD test. For Huatan and Pingshan stations, which are located in the lower reaches of the Jinsha River, the decreasing trends are particularly evident. The water conservancy projects might contribute to the decline of DK, for the reason that DK remained comparatively stable at a relatively low level since the 21st century. On the other hand, for the three stations located in the upper reaches of the Jinsha River (Zhimenda, Batang and Shigu), which are affected by human activities very little, the decreasing trends are also observed in DK, reflecting decreased risk of droughts regardless of the impacts of water conservancy projects. Table 4 . Detailed descriptions of runoff data at 9 hydrological stations in the Jinsha River Basin.
Location
Hydrological Stations Notes
Upstream of Jinsha River Water 2019, 11, x FOR PEER REVIEW 11 of 25 Figure 6 displays the temporal variations of extreme runoff indicators in the Jinsha River Basin during the period of 1960-2017, with Z values from M-K test (ZMK) and CSD test (ZCSD) labelled. Results indicated that, (1) the two trend test methods are very consistent in the evaluation of changing directions of data series. However, the CSD test is more rigorous in assessing significance than the M-K test under the same confidence level, which is reflected by the fact that the M-K test will always reach a significant level (|Z| > 1.96) as long as the CSD test does. The main reason for this realization is that when series are characterized by persistent fluctuations, the differences among trend detection methods become large [63] . Therefore, there is a need to consider a number of tests for trend analyses (as done in this study) to reduce the uncertainty of the results due to selection of a particular method. (2) Focusing on the indicator of flood days (DH), it can be found that all hydrological stations show increasing trends, except for Yajiang and Pingshan stations. The DH values at Luning, Xiaodeshi, Panzhihua, Huatan and Pingshan stations have decreased significantly since the 21st century. This may be explained by the reservoir regulations, which exert a peak-clipping effect on river runoff. In summary, regardless of water conservancy projects, the DH values have generally increased in the basin, indicating rising risk of floods over the past 58 years. This result is consistent with the analysis of extreme precipitation. (3) Seven hydrological stations show decreasing trends (Z < 0) for the indicator of dry days (DK), and respectively three and one of them reach significant level (Z < −1.96) for M-K and CSD test. For Huatan and Pingshan stations, which are located in the lower reaches of the Jinsha River, the decreasing trends are particularly evident. The water conservancy projects might contribute to the decline of DK, for the reason that DK remained comparatively stable at a relatively low level since the 21st century. On the other hand, for the three stations located in the upper reaches of the Jinsha River (Zhimenda, Batang and Shigu), which are affected by human activities very little, the decreasing trends are also observed in DK, reflecting decreased risk of droughts regardless of the impacts of water conservancy projects. For each extreme runoff indicator, the number of hydrological stations at which the indicators show increasing or decreasing trends during 1960-2017 are respectively counted ( Table 5 ). Almost equivalent numbers of hydrological stations show increasing and decreasing trends for the indexes of Max_R and Min_R, indicating there is no common changing direction for these two indexes. In contrast, the indicators of DH and DK respectively show a general upward and downward trend, which are consistent with the analytical results in Figure 6 . In summary, the flood risk in the Jinsha River Basin has generally increased during 1960-2017, to which attention should be paid, while the risk of droughts has declined in a certain degree. Note: the numbers in parentheses represent the number of hydrological stations that reach a significant level. For each extreme runoff indicator, the number of hydrological stations at which the indicators show increasing or decreasing trends during 1960-2017 are respectively counted ( Table 5 ). Almost equivalent numbers of hydrological stations show increasing and decreasing trends for the indexes of Max_R and Min_R, indicating there is no common changing direction for these two indexes. In contrast, the indicators of DH and DK respectively show a general upward and downward trend, which are consistent with the analytical results in Figure 6 . In summary, the flood risk in the Jinsha River Basin has generally increased during 1960-2017, to which attention should be paid, while the risk of droughts has declined in a certain degree. 
Land-Use Data
The areas of various land use types as well as the changing rates over the past 35 years in the Jinsha River Basin are listed in Table 6 . It can be found that the main land use types are grassland and forest land, and the areas of different land use types have changed little during 1980-2015, except for water body and building land. The farmland continues to shrink at a relatively slow rate. Affected by water conservancy projects, the water body in the basin has expanded rapidly since the 1990s. The building land continues to grow during 1980-2015, and the area has surged by 227.06% since the 21st century. Therefore, a conclusion can be drawn that there are great changes in the areas of building land and water body in the Jinsha River Basin. However, attention should be paid to the fact that these two kinds of land-use types occupy a very small proportion of the whole basin area. The land-use changes in the Jinsha River Basin during the period of 1980-2015 are thoroughly analyzed by Qihui Chen et al. [77] . 
Evaluation of Runoff Simulation Effects
In this research, the analyses of hydrological extremes are mostly based on the SWAT simulations and downscaled GCMs outputs. To achieve reliable research results, the evaluations of runoff simulation effects of the SWAT model and GCM data are necessary. Through comparison of the simulated and observed runoff during the calibration and verification period , the simulation effects of SWAT model is assessed. The performance of downscaled GCMs data in runoff simulation is evaluated by comparing SWAT application with the climate model outputs and SWAT application with observed meteorological data for the reference period . At the same time, the land-use data in year 1980 are used.
The indicators of hydrologic alteration (IHA) method is adopted to assess the deviations of runoff series, and the deviation factor (DF) is used as the evaluation indicator. Totally 18 parameters are selected as the characterization of runoff extremes, including 14 IHA parameters (annual 1, 3, 7, 30, 90-day max/min, Julian date of 1-day max/min, high pulse frequency and duration) and 4 EFC parameters (the frequency and duration of floods/extreme low flows). The average values of each parameter for the evaluated and reference runoff series is separately calculated, thus the DF values can be obtained following this formula: DF = |(Mean of evaluated series) − (Mean of reference series)|/(Mean of reference series) (6) For each hydrological station, the DF values for the 18 extreme runoff indicators are calculated. Smaller DF values represent better simulation effects on the runoff extremes, and vice versa. In this study, pretty good simulation effects are believed to result when the DF values are within 0.2, while bad simulation effects are considered when the DF values are greater than 0.5.
Simulation Effects of Soil and Water Assessment Tool (SWAT) Model
A daily-scale hydrological model called SWAT is established in the Jinsha River Basin, with the calibration and verification period respectively set to be 1970-1990 and 1991-2008 . Table 7 shows the simulation effects of the SWAT model on the runoff processes of nine hydrological stations, whose geographic locations are displayed in Figure 1 . In this research the Nash-Sutcliff coefficient (NS) and the percent bias (PBIAS) are both selected as evaluation indicators. It can be seen from Table 7 that: (1) the simulation effect of Zhimenda station is not satisfying, with NS values less than 0.7 and the absolute value of PBIAS exceeding 15% in the verification period. This might be explained by the rather complicated hydrological processes due to particular topographic and climatic conditions over the drainage area, where the rainfall and snow melt both serve as the main sources of runoff. (2) For all the hydrological stations except Zhimenda, the NS and PBIAS values are respectively greater than 0.8 and within ±15%. In addition, affected by the construction of Ertan Hydropower Engineering, the runoff series at Xiaodeshi station was significantly disturbed since 1998, resulting in a relatively smaller value of NS during the verification period. (3) The absolute average values of NS and PBIAS of the nine hydrological stations respectively achieve 0.85 and are within 10% both in the calibration and verification periods. It indicates that the SWAT model has a good simulation effect on the runoff processes in the Jinsha River Basin.
To assess the SWAT simulation effects on hydrological extremes, the simulated and observed runoff in the Jinsha River Basin during 1970-2005 are compared using IHA method, with the deviation factor (DF) used as the evaluation indicator. Figure 7 displays the DF values for each hydrological station. There are 18 extreme runoff indicators at the circumference, and the radius of each point represents the corresponding DF value.
As can be seen from Figure 7 , the simulation effects of eight parameters are pretty good with DF values generally within 0.2. They are annual 1, 3, 7, 30, 90-day max, Julian date of 1-day max, high pulse frequency and duration of floods. Whereas the simulation effects are relatively poor for the other parameters, especially for the extreme low frequency, flood frequency and date of min, whose DF values are generally higher than 0.5. Among the nine hydrological stations, Shigu achieves the best simulation effect on the runoff extremes, followed by Pingshan, Batang, Panzhihua, Luning and Xiaodeshi stations. Meanwhile, the simulation effect of Zhimenda station is rather poor. In general, the SWAT model has a good simulation effect on high flows but a poor simulation effect on extreme low flows in the Jinsha River Basin. 
Performance of General Circulation Model (GCM) Data in Runoff Simulation
In this research, respectively 25 and 28 GCMs under RCP4.5 and RCP8.5 emission scenarios from CMIP5 are taken into account. To avoid information redundancy as well as to simplify the subsequent analysis, a set of typical GCMs which can well represent the future climate characteristics of this basin are selected with a specific method [78] . Based on the 10% and 90% quantiles of the changes in precipitation and temperature in the predicted period (2021-2050) compared with the reference period , respectively four and three typical GCMs under RCP4.5 and RCP8.5 emission scenarios are selected in this research. Taking the selection of typical GCMs under RCP4.5 emission scenario as an instance (Figure 8 ), the red dots represent the results of 25 corrected GCMs. The 10% and 90% quantiles of dP (%) and dT (°C) are calculated separately, forming four vertices represented by the green dots, which stand for the ideal warm-dry, warm-wet, cold-dry and cold-wet climate scenarios in the future. The specific GCMs closest to the four vertices are selected as typical GCMs for this basin, as shown by the four yellow points. Table 8 lists the selected typical GCMs under the two emission scenarios and the corresponding spatial resolutions. 
In this research, respectively 25 and 28 GCMs under RCP4.5 and RCP8.5 emission scenarios from CMIP5 are taken into account. To avoid information redundancy as well as to simplify the subsequent analysis, a set of typical GCMs which can well represent the future climate characteristics of this basin are selected with a specific method [78] . Based on the 10% and 90% quantiles of the changes in precipitation and temperature in the predicted period (2021-2050) compared with the reference period , respectively four and three typical GCMs under RCP4.5 and RCP8.5 emission scenarios are selected in this research. Taking the selection of typical GCMs under RCP4.5 emission scenario as an instance (Figure 8 ), the red dots represent the results of 25 corrected GCMs. The 10% and 90% quantiles of dP (%) and dT ( • C) are calculated separately, forming four vertices represented by the green dots, which stand for the ideal warm-dry, warm-wet, cold-dry and cold-wet climate scenarios in the future. The specific GCMs closest to the four vertices are selected as typical GCMs for this basin, as shown by the four yellow points. Table 8 lists the selected typical GCMs under the two emission scenarios and the corresponding spatial resolutions. Table 9 presents the effect of historical GCM data in simulating monthly runoff at the nine hydrological stations in the Jinsha River Basin with SWAT model. The DF values are calculated based on the SWAT simulations using historical climate observations , with the land-use data in year 1980 used as input. Seven typical GCMs under RCP4.5 and RCP8.5 emission scenarios are selected in this study, and a set of DF values for each GCM can be obtained. To summarize the results, only the average DF values of the seven typical GCMs for each indicators are presented here. From Table 9 we can see that except for Zhimenda hydrological station, the DF values at the other stations are within 10%, indicating good performance of GCM data in simulating mean values of runoff. Note: Under RCP8.5 emission scenario, the GCMs representing future climate scenarios of cold-dry and warm-dry are the same (CSIRO-Mk3-6-0). Therefore, totally seven typical GCMs under the two emission scenarios are selected. Table 9 presents the effect of historical GCM data in simulating monthly runoff at the nine hydrological stations in the Jinsha River Basin with SWAT model. The DF values are calculated based on the SWAT simulations using historical climate observations , with the land-use data in year 1980 used as input. Seven typical GCMs under RCP4.5 and RCP8.5 emission scenarios are selected in this study, and a set of DF values for each GCM can be obtained. To summarize the results, only the average DF values of the seven typical GCMs for each indicators are presented here. From Table 9 we can see that except for Zhimenda hydrological station, the DF values at the other stations are within 10%, indicating good performance of GCM data in simulating mean values of runoff. Note: The symbols a-i respectively stand for the nine hydrological stations in the basin: Zhimenda (a), Batang (b), Shigu (c), Yajiang (d), Luning (e), Xiaodeshi (f), Panzhihua (g), Huatan (h) and Pingshan (i) station.
Similar to Table 9 above, Figure 9 displays the effect of historical GCM data in simulating runoff extremes with the SWAT model. 18 extreme runoff indicators are adopted and the corresponding DF values are calculated, which are averaged for the seven typical GCMs, with the SWAT simulations using historical climate observations used as reference. It can be seen that the DF values are generally greater than 0.2 for the frequency and duration of floods and extreme low flows, indicating poor simulation effect in the characteristics of floods and extreme low flows. As for the other extreme runoff indicators, the simulation effects are all within acceptable limits. 
Quantitative Assessment of the Impacts of Climate Change and Land-Use Change on Runoff Extremes
In order to quantitatively distinguish the impacts of climate change and land-use change on runoff extremes, this study respectively divides the historical measured land-use and climate data into four periods (Climate P1-P4; LU1980/1990 LU1980/ /2000 LU1980/ /2015 . The two kinds of data are mutually combined into 16 scenarios, which are separately input into the SWAT model to simulate the corresponding runoff extremes (Tables 2 and 3 ). In this research, the annual 3-day max and min runoff are used as descriptions of extreme runoff characteristics, and high pulse frequency and durations are adopted to reflect the high flow situations of the basin. Figure 10 shows the simulation results of four extreme runoff indicators, including the annual 3-day max and min runoff, high pulse frequency & durations under the 16 scenarios for 4 hydrological stations in the Jinsha River Basin. It can be seen that when the land-use data remains unchanged, the extreme runoff indicators change obviously with different climate data. While they hardly change when the climate data is fixed, although with various land-use data. In order to quantitatively distinguish the impacts of climate change and land-use change on runoff extremes, this study respectively divides the historical measured land-use and climate data into four periods (Climate P1-P4; LU1980/1990/2000/2015). The two kinds of data are mutually combined into 16 scenarios, which are separately input into the SWAT model to simulate the corresponding runoff extremes (Tables 2 and 3 ). In this research, the annual 3-day max and min runoff are used as descriptions of extreme runoff characteristics, and high pulse frequency and durations are adopted to reflect the high flow situations of the basin. Figure 10 shows the simulation results of four extreme runoff indicators, including the annual 3-day max and min runoff, high pulse frequency & durations under the 16 scenarios for 4 hydrological stations in the Jinsha River Basin. It can be seen that when the land-use data remains unchanged, the extreme runoff indicators change obviously with different climate data. While they hardly change when the climate data is fixed, although with various land-use data. In order to quantitatively evaluate the impacts of climate change and land-use change on extreme runoff indicators between adjacent periods, attribution analysis was carried out based on the method described in Part 3.4. Results show that the attribution proportions of climate change for the most extreme runoff indicators are almost 100%, and that of land-use change are close to 0%. The attribution results for the indicator of annual 3-day max runoff are shown in Table 10 . It can be seen that the attribution proportions of land use change among different adjacent periods are between −1.40% and 0.46%, which is much smaller than that of climate change. This result is consistent with Figure 10a . In conclusion, the climate change is one of the dominant factors leading to changes of In order to quantitatively evaluate the impacts of climate change and land-use change on extreme runoff indicators between adjacent periods, attribution analysis was carried out based on the method described in Part 3.4. Results show that the attribution proportions of climate change for the most extreme runoff indicators are almost 100%, and that of land-use change are close to 0%. The attribution results for the indicator of annual 3-day max runoff are shown in Table 10 . It can be seen that the attribution proportions of land use change among different adjacent periods are between −1.40% and 0.46%, which is much smaller than that of climate change. This result is consistent with Figure 10a . In conclusion, the climate change is one of the dominant factors leading to changes of extreme runoff indicators during the historical period, whereas the impact of land use change is almost negligible in the Jinsha River Basin. 
The Evolution of Hydrological Extremes from a Future Perspective
For the reason that the impact of land-use change is almost negligible in the Jinsha River Basin, therefore, in the latter part of the study the main focus is drawn on the runoff response in the context of climate change. The runoff simulations at the four hydrological stations in the Jinsha River Basin from 1970 to 2050 are obtained by combining the GCM projections with the SWAT model. In this research, respectively four and three typical GCMs from CMIP5 under RCP4.5 and RCP8.5 emission scenarios are selected (Table 8 ) based on 10% and 90% quantiles of the changes in precipitation dP (%) and temperature dT ( • C). Taking 1970-2005 as the reference period, the changes in runoff extremes for the next three foresight periods (2021-2030, 2031-2040 and 2041-2050) are predicted, as shown in Figure 11 . The abscissas and ordinates separately represent the typical GCMs under the two emission scenarios and the indicators of hydrological extremes, and the four pillars in different colors respectively stand for the reference period and the three foresight periods mentioned above. The variation trends of extreme runoff indicators compared with the reference period can be reflected in the figure.
It can be seen from Figure 11 that significant differences exist in the variation trends of runoff extremes at the same hydrological station predicted by different typical GCMs. Taking the indicator of 3-day max runoff at Batang station as an example, there are three variation modes: continuous increase (RCP4.5-BNU), increase first and then decrease (RCP4.5-CMCC/GFDL, RCP8.5-CCSM4/MIROC), and increase first, then decrease and then increase (RCP4.5-IPSL and RCP8.5-CSIRO), indicating large uncertainties in the prediction results of different GCMs. Therefore, from the statistical point of view, we should comprehensively take into consideration the results from multiple GCMs, and try to draw common conclusions which can serve as references for decision-makers. Seen from Figure 11a , almost all typical GCMs predict higher 3-day max runoff in the whole foresight period (2021-2050) compared with the reference period. The increasing rates vary from 0.9% to 50.2%, with the exception of RCP4.5-IPSL, which predicts slightly lower values at Xiaodeshi and Pingshan stations (−6.1%-−2.1%). Therefore, it can be inferred with high confidence that the 3-day max runoff in the Jinsha River Basin will increase in the near future. For the indicator of 3-day min runoff, the prediction results are generally higher in the future (2021-2050) compared with the reference period, with the changing rates varying from −9.1% to 47.0%. Regarding the characteristics of high pulse events, most typical GCMs predict decreased frequency and increased durations compared with the reference period.
In conclusion, the extreme runoff values (3-day max & min runoff in this paper) will probably increase compared with the reference period , indicating respectively rising and decreasing risks of extreme high and low flows in the Jinsha River Basin in the near future (2021-2050). Besides, the high pulse events will occur less frequently but last longer. 
Conclusions
In this research, the trends and variations of extreme hydro-meteorological elements (precipitation, temperature and runoff) as well as the land-use changes in the Jinsha River Basin have been thoroughly investigated during the historical period. The SWAT model is employed to simulate the effects of land-use change and climate change on hydrological extremes using the method of scenarios simulation. In addition, the evolutions of various extreme runoff indicators are predicted by incorporating the climate simulations of seven typical GCMs from CMIP5. The conclusions are as follows:
1.
During the period of 1960-2017, generally insignificant rising trends in the intensity and frequency of extreme precipitation, statistically significant increasing trends in temperature, and the respectively insignificant rising and declining trends in the indicators of flood days (DH) and dry days (DK), have been identified in the Jinsha River Basin using the Mann-Kendall and CSD trend test methods. The above results reflect a fact that the risk of floods has generally increased, while the risk of droughts has declined in this period. As for the land-use data, the areas of building land and water body in the basin have changed greatly during 1980-2015. However, they occupy a very small proportion of the whole basin area.
2.
The good performance of SWAT model is confirmed with the multi-stations averaged NS values achieving 0.85 and PBIAS within 10% both in the calibration and verification period. Regarding the runoff extremes, the SWAT model has a better simulation effect on high flows compared with low flows.
3.
Seven typical GCMs are selected and the performance of GCM data in runoff simulations is evaluated by comparing SWAT simulations using historical downscaled GCM data with the SWAT simulations using climate observations in 1970-2005. Results show that the downscaled GCM data can well simulate the mean values of runoff, and acceptable simulation effects are achieved for the other extreme runoff indicators except for the frequency and duration of floods and extreme low flows.
4.
In this research, four extreme runoff indicators (3-day max and min runoff, high pulse frequency and duration) at four hydrological stations (Batang, Panzhihua, Xiaodeshi and Pingshan) are adopted to analyze the hydrological extremes in the Jinsha River Basin. The attribution analysis leads to the conclusion that the land-use change exerts little impact on runoff extremes during 1970-2017, possibly due to the relatively small extent of changes in land use. In contrast, the climate change is one of the dominant factors contributing to changes in hydrological extremes.
5.
By integrating the downscaled GCM data with the SWAT model, the trends and variations of hydrological extremes during 2021-2050 are predicted, with 1970-2005 used as reference period. Results indicate that both the indicators of 3-day max and 3-day min runoff will probably increase, and the high pulse events will occur less frequently but last longer in the near future.
